This study provides an empirical analysis of household technical efficiency and its determinant factors (especially conservation payments) in the context of the Grain for Green program. On the basis of a sample of 225 farm households on the Loess Plateau in 2007, we estimate household technical efficiency using the data envelopment analysis method. In addition to a traditional ordinary least square (OLS) analysis, quantile regression (QR) analysis is also deployed to explore the possible heterogeneous effects of conservation payments and other variables on the technical efficiency across the quantiles. The results suggest that when off-farm activities are taken into account, households have considerable potential for improving their technical efficiency; OLS analysis shows that conservation payments decrease household efficiency, and the QR analysis suggests that the negative impact is significant only for higher performance households; The presence of children, access of households to leased land markets, credit markets, and extension services all show heterogeneous impacts on household efficiency. On the basis of the findings of the study, policies suggestions to improve the program's effectiveness are provided.
Introduction
Despite concerted efforts by governments and development-oriented Non-Governmental Organizations (NGOs), the eradication of poverty and rehabilitation of degraded environments in underdeveloped rural regions remain among the greatest challenges faced by less developed countries [1] . Subsistence farmers who depend on natural resources for food, fiber and fuel, and have reached the limits of the environment's carrying capacity, have traditionally taken the brunt of the blame for the mutually reinforcing problems of poverty and environmental degradation [2] . In the presence of imperfect markets and institutional failures that inhibit their participation in off-farm labor markets or prevent them from investing in land-productivity-enhancing agricultural practices, small scale farmers have been obliged to make inefficient allocation choices, leading to overcultivation and overgrazing to satisfy the needs of a growing population [3] [4] [5] . The consequences include not only the on-site escalating land degradation and intensified poverty exacerbated by declining land fertility, but also the off-site periodic onslaughts of floods and drought with the loss of watershed functions.
Responding to the vicious circle of rural poverty and the environmental consequences of overcultivation and overgrazing, the past decade has witnessed a growing trend of policy intervention to tackle these problems with payments for ecosystem services (PES) programs such as those in Mexico, Costa Rica, and China [6] . Through this kind of program, financial incentives have been provided to those who "supply" ecosystem services, including farmers who agree to set aside sensitive land or adopt farming technologies that generate ecosystem services such as the protection of watershed functions [7] . Conservation payments contribute to increased household income directly and indirectly through the liquidity effect on participating farm households. In this way, the two objectives of environmental conservation and rural poverty alleviation are achieved in a single integrated program.
However, the payments made by conservation programs in the developing countries are generally provided by the government [8] , which means they are typically made for a fixed term owing to budget constraints. Unless farm householders are able to shift their agricultural practices and other income-generating activities with the relaxation of their liquidity constraints to generate sustainable livelihoods, the programs will not succeed [5, 7] . For a farmland set-aside project like the Grain for Green (GfG) program in China, the sustainability or success of the program is dependent on its ability to improve agricultural productivity or to enable households to access alternative employment opportunities [8] [9] [10] . Households are less likely to cultivate sloping land, which has a much lower marginal productivity of labor, if the output of the remaining farmland improves [11] or they have access to more attractive off-farm jobs [12] so that the improved income can offset the loss of agricultural output from the set-aside land.
Many previous studies have been devoted to the impact of the GfG program on participating households' agricultural production [13] [14] [15] [16] and their labor reallocation to more profitable activities, especially off-farm employment [7] [8] [9] [17] [18] [19] [20] [21] . The majority of the research finds a shift of the labor force toward off-farm employment [7, 12, [18] [19] [20] [21] [22] [23] [24] which may contribute to improved household income or well-being and to sustainable livelihoods of the participating households. However, the impact on agricultural production has received less attention and the result is less clear. While some [14, 18] found evidence of improved land use intensity or agricultural investments with relaxed liquidity constraint which might contribute to improved agricultural production, others show different results [13, 15, 21] . For example, some of the researchers [22, 24] observed a decreased skilled labor supply on farm with the labor reallocated to off-farm employment, which might be detrimental to agricultural production. There is a longstanding debate about whether the relationship between on-farm and off-farm income is complementary or competitive [25] [26] [27] [28] [29] [30] . Given the intricate relationship between on-farm and off-farm activities [25] [26] [27] [28] [29] [30] , emphasizing one aspect and neglecting the other might lead to an incomplete or misleading understanding of the program's effectiveness, especially if off-farm employment competes with on-farm activities and leads to reduced agricultural production. However, many studies concentrating on the effect of the program on household income or household welfare are based on a simple comparison of households before and after participation, or of participants and non-participants (see Delang and Yuan [31] for a detailed review). These results might be susceptible to sample bias as a result of some unobserved heterogeneity. In addition, rising household income alone does not necessarily guarantee a sustainable or long-term livelihood [32] . Another concern is that while the conservation payments to farmers are expected to have a liquidity effect, as a kind of decoupled subsidy they may also generate a wealth effect [33] . Therefore, the impact of payments, the major measure of GfG, on the household income or welfare of farm households is unclear. Yet this potential problem has rarely been identified let alone explored explicitly in the voluminous literature on the GfG. Furthermore, the effectiveness of the program requires a more nuanced understanding of the poor households that it targets [12] .
Farm household level technical efficiency is a newly developed concept [34] that is receiving increasing recognition in the empirical literature [35] [36] [37] . The notion of technical efficiency originates from the work of Farrell [38] and it captures the ability of the production unit to obtain the maximum possible output with a specified endowment of inputs, given existing technology and environmental conditions [39] . By extending traditional technical efficiency analysis at the farm level to the household level, this method considers the impact of farm household decisions on general household production activities, including farm production and off-farm employment. In a land set-aside program like GfG, a household level technical efficiency analysis provides important information on the performance of a household's use of its available technology and resources, including labor, capital and the remaining farm land to maximize its household income, indicative of the sustainability of its livelihood [32] . Therefore, the objective of the present study is to estimate the technical efficiency of households participating in the GfG program and to explore the determinant factors empirically. By regressing conservation payments from the program and other factors on household technical efficiency with a traditional ordinary least square (OLS) regression analysis, this article identifies the effect of the program on sustainable livelihoods of farm households, and the constraints that prevent the optimal use of household resources and technologies for a more sustainable livelihood. In addition, a quantile regression analysis is deployed to explore the possible heterogeneous effect of the conservation payments on the technical efficiency across the quantiles (among different household groups). As the GfG program was declared to be enlarged and extended for another eight years [40] , the results of this analysis will provide an empirical basis for improvements to the program policies and targeting of farm households.
The rest of the paper is organized as follows. Section 2 reviews the literature to investigate theoretically how conservation payments of the GfG program affect household technical efficiency. In Section 3, the analytical framework and the empirical models used in the paper are discussed. Section 4 discusses source and statistics of the data used in the models. The empirical results are presented and described in Section 5. The conclusions and policy implications are presented in Section 6.
The Grain for Green Program, Conservation Payments and Household Technical Efficiency
Triggered by the once-a-century flood along the Chang Jiang River which claimed thousands of lives in 1998, the Grain for Green (GfG) program (also known as Sloping Land Conversion Program), was introduced by the Chinese government in 1999 to tackle the serious land erosion and poverty challenges in rural China. The principal measure of the program is to "compensate farmers with grain or cash for reforesting cultivated marginal or steeply sloping lands over 25 degrees," in order to induce land and labor reallocation to increase agricultural production and shift surplus labor to off-farm jobs [41] . The first phase of the program lasted eight years and subsequent efforts have been devoted to consolidating the achievements on formerly cultivated sloping land by reforestation and resettlement [42] . By the end of 2014, over 295 million ha of marginal or sloping lands had been reforested, affecting 32 million rural households, with an expenditure of over 405 billion Yuan (in 2014, 1 Chinese Yuan was worth 0.16 USD) [40] . Given its notable economic and environmental benefits [31] , the Chinese government declared its intention in 2014 to enlarge the scale of land conversion by another 90 million ha and to compensate farmers for an additional eight years [40] .
Theoretically, conservation payments affect households' production activities (including the allocation of labor and other inputs and the adoption of new technologies) and household technical efficiency through two channels.
On the one hand, conservation payments may alleviate the liquidity constraint facing rural households and enable them to invest in more profitable farming technologies and to participate in more remunerative activities, including off-farm employment. Some empirical studies found evidence that farmers' liquidity constraints were relaxed with the introduction of the GfG program. In such cases, agricultural practices were shifting from subsistence farming to more intensive and higher-return cash crops [7, 14] , with improved management practices and increased capital inputs [18] . The labor force was also shifting towards off-farm employment, such as seasonal migrant work whether formal or informal [7, 12, [18] [19] [20] [21] [22] [23] [24] . Taken individually, these changes contribute to more efficient use of labor, or capital, or land resources, or the adoption of productivity-enhancing technologies. Should all these happen together, the consequences may include increased household income and household technical efficiency. However, in developing countries where market failure is so prevalent, there is a pronounced and counter-intuitive linkage between farm and non-farm production activities [29] . Off-farm employment can boost agricultural production by further alleviating household liquidity constraints and contributing to agricultural inputs or investments [28, 30] , but they may also compete for household labor and capital that would otherwise be allocated to agriculture [25, 43, 44] . As the former is more likely to happen within a liquidity-constrained environment, the latter would be more likely when farmers face labor market failures, that is, high transaction costs in off-farm job searching, inability to find a well paid off-farm job due to information asymmetries and inadequate infrastructure, or they face high transportation or living costs in cities [26] . In the latter case, the contribution of off-farm income to household income might be compromised. Unless the contribution of off-farm income to household income outweighs the lost-labor and capital effects, off-farm employment may not contribute to increased household efficiency.
On the other hand, conservation payments resemble the characteristics of a decoupled subsidy (payments that are irrelevant to current production or prices), which may induce a wealth effect allowing farmers to work less while maintaining consumption levels [33] . Naturally, this would inhibit them from working on or off the farm. While the wealth effect has been widely tested and verified in empirical studies of decoupled subsidies [45] [46] [47] , it is generally of less concern under the GfG program. The conspicuous exception is found in the work of Liang et al. [48] , which claimed to find a negative relationship between subsidies and on-farm and off-farm income.
It is impossible to disentangle the two channels through which conservation payments affect household technical efficiency. Nevertheless, in an attempt to understand how this huge budget program fosters best use of available technologies and resources to achieve more sustainable livelihoods, it is necessary to estimate the net effect of conservation payments on household efficiency. In addition, the impact of conservation payments on different groups (quantiles), especially poorer households (or households with poor performance), has rarely been explored [12] . The quantile regression analysis provides a useful method to estimate the different effects of explanatory variables at different quantiles of the dependent variable. This would provide important information about how the program achieves its poverty alleviation goals and how the policy can be adjusted to target groups with greater precision for a more effective program.
Methods and Data

Household Technical Efficiency Estimation
Chavas et al. [34] has demonstrated that in the developing countries, there is jointness in the technologies underlying farm and nonfarm activities (or non-separability between farm household production and consumption decisions) due to market failures. Accordingly, they developed a method for measuring household level technical efficiency which included off-farm activities in the traditional farm efficiency estimation framework.
Following their work, we first develop a model of the household decision process. Suppose M family members in a farm household make production, consumption, and labor allocation decisions jointly for a specific time-period, and that they maximize utility U subject to budget and time constraints. Thus the household decision process can be modeled as follows:
where l denotes leisure (housework and childcare included), q denotes price vectors for consumption goods z, p denotes price vectors for farm outputs y, r denotes price vectors for non-labor inputs x (such as seed, fertilizer, land, etc.), N denotes off-farm income; T m denotes the total amount of time available to the mth family member; F m denotes the amount of time working on the farm for the mth family member, L m denotes the amount of time working off-farm for the mth family member, l m denotes the amount of time for leisure for the mth family member; X denotes the technology the household is facing, and (x, F, L; y, N) ∈X means outputs (y, N) can be feasibly produced with inputs (x, F, L) under technology X.
Families differ in the extent to which they are willing to substitute leisure for consumption goods, but for any given level of leisure l, nonsatiation of the utility function implies that the household will maximize its consumption, which is in turn equivalent to maximizing its profit conditional on l:
s.t.
The profit maximization problem in Equation (2) is equivalent to the revenue maximization problem conditional on inputs (x, F, L).
If a household produces as much as is feasible given its resources, the level of leisure, and the technology available, it will be technically efficient. All the efficient households constitute the production possibility frontier, and the technical efficiency of each household can be calculated according to its distance to that frontier.
Both parametric (e.g., stochastic frontier analysis) and nonparametric (e.g., data envelopment analysis, DEA) methods can be used to estimate the technical efficiency of decision-making units (DMU). DEA was employed in this study because it offers a flexible environment in which multiple inputs and outputs, even with different units of measurement, can be easily processed [49] . Both input-orientated and output-orientated models can be assumed in the DEA method to estimate the technical efficiency of DMUs. For an output-oriented model, we assume that an inefficient unit is made efficient through a proportional increase of its outputs while the inputs' proportions are held constant; and for an input-oriented model, we assume that an inefficient unit is made efficient through a proportional reduction of its inputs while its outputs' proportions remain unchanged. Following Chavas et al. [34] , we employ the output-oriented DEA model to be consistent with the model of the household decision process. Here we should note, however, that the input-oriented efficiency under the consumption of constant returns to scale (CRSTE) scores are equivalent to the output-oriented CRSTE scores. The second stage regression analysis with input-oriented TE as dependent variable yields similar results with that using output-oriented TE as the dependent variable.
The output-oriented technical efficiency index assuming constant returns to scale (CRSTE), for the household j involved in both farm and off-farm activities that is characterized by utilization of inputs (x, F, L) in producing outputs (y, N), is given by solving the linear programming problem:
By adding the n i=1 λ i = 1 constraint, we get the technical efficiency under the variable returns to scale assumption (VRSTE). The difference between CRSTE and VRSTE is due to scale inefficiency.
Therefore, the definition of scale efficiency (SE) is given as the ratio of CRSTE to VRSTE and measures the extent to which the household is approaching the technologically optimal scale (or most productive scale size, MPSS).
Empirical Model
Empirically, we employ a two-stage procedure that involves the estimation of farm household technical efficiency scores in the first stage and regression to relate efficiency scores to explanatory factors in the second [49] . Traditionally, efficiency scores generated from the DEA method are regressed against explanatory variables using a Tobit model in the second stage [35, 49] . However, the appropriateness of the Tobit model in the second stage is now a matter of debate. Simar and Wilson [50] argued that efficiency scores generated from the DEA method are serially correlated and they proposed a seven-step double bootstrapping procedure to produce consistent estimates in the second stage. Banker and Natarajan [51] , on the other hand, demonstrated that a two-stage approach comprising a DEA model followed by an OLS (or maximum likelihood estimation) model yields consistent estimators when data are generated by a monotonically increasing and concave production function (as is the presumed by most production functions) separable from a parametric function of the contextual variables. Other researchers deem DEA scores as simply a statistical or theoretical measure of distance to an observed "best practice frontier" [52, 53] , which should not be deemed censored but fractional, and they advocate OLS instead of censor regression models like Tobit to obtain a consistent estimator. Given that both methods have a sizable following and considering the computational complexity of the Simar and Wilson approach, we opt for OLS in our efficiency regression model, to provide a consistent and simpler method of parameter estimation. Beyond the standard OLS regression model, which yields the mean effect of each independent variable on household technical efficiency, we also employ a quantile regression model to explore the heterogeneous effects of variables (market, farm or household characteristics) that are possible across the household technical efficiency distribution [54] .
Sampling and Data
Sampling
We collected the data jointly with the Institute of Soil and Water Conservation of the Chinese Academy of Sciences. The Loess Plateau has suffered from the most serious soil erosion and poverty in China [55] . Villages in five catchments from Shaanxi Province were chosen as the study area for a survey in 2008 designed to get data for 2007. Both counties were among the pilot and demonstration areas of the GfG program, and integrated management at the catchment scale has been provided since late 1999. Local program offices were established to supervise and assist with the specific measures to be implemented in the counties, which makes the impact analysis of the program less biased. All five catchments have similar natural, economic and social conditions, and the same agronomic practices. The catchments include Zhifanggou, Xiannangou and Danangou from Ansai County, and Guoqigou and Liyongbian from Yanchang County. For the 28 villages in the five catchments, approximately 20% of the households (one-census-family household without additional persons) were selected randomly from the permanent residents of each village, in order to reach an effective sample size. Information was collected through face-to-face interviews on demographics, household income, land, labor and other input usage, asset holdings, details of participation in the program, agricultural production and off-farm employment of the farm households.
Eight observations were dropped because of data inconsistencies or unreliability, yielding usable data from 225 households. Participating farmers were offered a total of 160 Yuan (or grain of equivalent value) per mu (= 0.67 ha) of sloping land over 25 • to plant trees instead of cultivation. Afforestation (establishment of trees on land that has been without forest cover for a long time) was divided into ecological forests, subsidized for eight years, and economic forests, subsidized for five years. The program was implemented jointly by local government at the county level. Agricultural extension services such as greenhouse crop management, fruit growing, and livestock breeding were provided by local farm extension agencies. Off-farm labor markets were established and easier access to loans was provided through the Agricultural Bank of China, especially for horticultural producers.
Inputs and Outputs for Household Efficiency Estimation and Explanatory Variables
The estimation of household-level technical efficiency involves the following data: two outputs including farm income and off-farm income, in thousands of Yuan; four inputs including farm labor and off-farm labor, both measured in worker-months; land, measured as the total cultivated land area in mu, both owned and rented less the land rented out (here we assume that the owned and rented cultivated land have similar soil fertility); and capital and other inputs, measured in thousands of Yuan, where capital refers to the estimated value of machinery and buildings net of depreciation and maintenance costs and other inputs, which include the total expenditures on seed, fertilizer, fodder, fuel, pesticide, irrigation, wages, and rent.
Apart from conservation payments from the GfG program, farm characteristics, household characteristics, and market characteristics affect household production decisions and thus farm household efficiency [35, 46, [56] [57] [58] . We incorporated the following variables in our second-stage regression model. Conservation_payments in thousands of Yuan are measured as an eight-year average from 1999 to 2007, to reflect the impact of government conservation payments on household efficiency. Extension_services was included as a dummy variable to capture the impact of extension services on rural household efficiency: 1 if extension visits were provided by the agents and 0 otherwise. Credit, measured as the ratio of the sum of loans obtained in the past eight years as a proportion of total household assets, is included to reflect the impact of access to credit on household efficiency. Access to credit relaxes farm liquidity constraints and facilitates more efficient inputs and technology utilization which should improve overall household efficiency. We also include Tenancy, which measures the proportion of land rented-in relative to the total area of land under cultivation. We assume that access to leased farmland helps farmers to allocate resources more efficiently thus improving overall household efficiency.
To account for the endowment of human capital, we include the Education and Child variables. The Education variable is included to reflect the influence of educational attainment of households on both off-farm employment and on farm labor productivity. Education is measured as the proportion of household members who have completed secondary level education. Child is a dummy variable, having a value of 1 if there are any children under 15 in the family, and 0 otherwise. A household's total time available for farm and off-farm activities would be reduced if there were children in the family, and child-care also inhibits off-farm employment, thus the variable is expected to decrease the household's technical efficiency.
To account for the endowment of land resources, we included Land/labor, which is measured as the total land area in mu owned by the household divided by the total labor force (number of adults) within the household. We assume that farms less endowed with land have a higher incentive to work off-farm and thus higher household efficiency.
Here, we need to reinforce that many previous studies have been interested in the impact of off-farm employment (or its income) on farm efficiency. However, as our study focused on household level technical efficiency, which accounts for both farm and off-farm activities, it may induce the problem of endogeneity if we include it as an explanatory variable. Therefore, we checked the difference in mean efficiency estimates for off-farm participating and non-participating households instead. Table 1 presents descriptive statistics of the input and output variables included in the DEA model to estimate household technical efficiencies and the variables in the empirical analysis that are expected to affect household technical efficiencies. Note: * Multicollinearity amongst the explanatory variables was checked before conducting the regression analysis.
Descriptive Statistics of the Data
The average labor force within a household was 2.34 persons, with 60.3% of their working time allocated to farm work (1.41 persons on average), and 39.7% allocated to off-farm work (0.93 persons on average). However, the proportion of farm income to household income (excluding government conservation payments) was only 39.5% (6.07 thousand Yuan on average), while off-farm income amounted to 60.5% (9.25 thousand Yuan on average). This suggests a much higher return to off-farm work than on-farm work. Government conservation payments to rural households amounted to 3.90 thousand Yuan on average, a large proportion of total household income. In contrast, few of the households had access to rented farmland (only 3.0% of total farmland was rented in), extension services (16.0% of all farm households), or credit (average 4.0% of total assets). The land endowment seems adequate with cultivated land of 4.3 mu per capita (compared with the average of around 1.5 mu per capita nationwide), 21% of the households had children, and the average educational level for the householders was low, only 30% of household members had completed secondary education. We should note that substantial variance exists in the sample households.
Results
Result of Household Technical Efficiency Estimation
Technical efficiencies of the farm households under both the constant returns to scale assumption (CRSTE) and variable returns to scale assumption (VRSTE) with an output-orientation model were estimated applying DEA-Solver Pro 5.0. Descriptive statistics and frequency distributions of the efficiency scores at the household level are presented in Table 2 and Figure 1 .
The mean VRSTE of the sample households is 0.669, which means the farm households could decrease their inputs by 33.1% and still generate the same amount of farm and off-farm income. The result is quite close to another study covering a similar sample and a slightly more recent time-period, which generates a VRSTE of 0.664 at the farm level including only agricultural production activities [59] . This suggests that management skills are consistent across farm and off-farm activities. And here we should note that substantial variation exists in technical efficiencies for the sample households (SD of 0.209). The distribution shows that 176 (78.2%) of households had technical efficiency scores greater than 0.5, and 15 (6.7%) of them had a VRSTE of 1.0 (technical efficient). The mean VRSTE of the sample households is 0.669, which means the farm households could decrease their inputs by 33.1% and still generate the same amount of farm and off-farm income. The result is quite close to another study covering a similar sample and a slightly more recent time-period, which generates a VRSTE of 0.664 at the farm level including only agricultural production activities [59] . This suggests that management skills are consistent across farm and off-farm activities. And here we should note that substantial variation exists in technical efficiencies for the sample households The mean VRSTE of the sample households is 0.669, which means the farm households could decrease their inputs by 33.1% and still generate the same amount of farm and off-farm income. The result is quite close to another study covering a similar sample and a slightly more recent time-period, which generates a VRSTE of 0.664 at the farm level including only agricultural production activities [59] . This suggests that management skills are consistent across farm and off-farm activities. And here we should note that substantial variation exists in technical efficiencies for the sample households We also checked the status of scale efficiency and the nature of returns to scale of households. By definition, when CRSTE is equal to VRSTE, it is scale efficient; otherwise it is scale inefficient with either increasing returns to scale or decreasing returns to scale [51] . By definition, increasing (decreasing) returns to scale indicate a situation in which an increase in output is proportionally greater (less) than a simultaneous and equal percentage change in the use of all inputs. By adding a constraint of n i=1 λ i ≤ 1 to the CRSTE model, we get technical efficiency under non-increasing returns to scale (NIRSTE), and by comparing the result with that of VRSTE, we can judge whether it is operating in the area of increasing returns to scale or decreasing returns to scale. When VRSTE and NIRSTE are equal, decreasing returns to scale exists otherwise increasing returns to scale applies. In cases when NIRSTE, CRSTE and VRSTE are all equal to 1, the farm has attained the most productive scale size (MPSS). Table 2 shows that the average scale efficiency for the households was 0.555, indicating the main source of technical inefficiency for the sample households was due mainly to inappropriate production scale. Only 13 (5.8%) of sample households are scale efficient, or they were operating under the most productive scale size. The remainder (212 or 94.2%) of them were scale inefficient, mostly under increasing returns to scale (192, or 85.3%). The finding of increasing returns to scales is consistent with previous studies including only farm activities [60] . For these households, operating scales were "too small" and expanding their land, labor and capital resources proportionally would lead to a proportionally larger household income.
As mentioned in Section 4.2, we are also interested in whether there are significant differences in mean efficiency between those households that participated in off-farm activities and those that did not. We thus give an independent sample t-test on the efficiency estimates for these two subgroups (Table 3) . Contrary to our intuition, the result suggests significantly lower technical efficiency (both CRSTE and VRSTE) for off-farm participating households compared with non-participants. In other words, off-farm employment seems to have an adverse effect on household technical efficiency, when both farm and off-farm activities were taken into account. With reference to previous literatures comparing the efficiency of these two groups of households [61, 62] , it may indicate that off-farm employment adversely affects farm production, or that the farmers lack the information, skills or knowledge to generate more off-farm income. And, the former might come as a result of the competitive effect of off-farm employment on labor and capital with the existence of market imperfections [25, 43, 44] , as discussed in Section 2. Note: *** significant at the 1% level (p < 0.01).
Determinants of Farm Household Technical Efficiency
The results of the regression analysis of the explanatory variables on household technical efficiencies (VRSTE) generated from the STATA software are reported in Table 4 , with OLS regression results in column 1, sequential quantile regression estimates for the 0.40, 0.60, and 0.80 quantiles of the farm household technical efficiency score distribution, and tests for equality of coefficients across quantiles, in columns 2, 3, 4 and 5, respectively. The quantile regression analysis results were generated using the Stata sqreg command.
According to the results of the OLS regression, the conservation payments to the households (Conservation_payments, significant at the 5% level) and presence of children in the family (Child, significant at the 1% level) were negatively related to household technical efficiency, while the access to credit (Credit, significant at the 10% level) and land rental market (Tenancy, significant at the 10% level) were positively related to household technical efficiency. Table 4 . Ordinary least square (OLS) and quantile regression analysis of the explanatory variables on household technical efficiencies (n = 225). The negative relationship between Conservation_payments and household efficiency, might indicate that the combined result of the wealth effect of conservation payments (or compensational subsidies) and the lost labor and capital effect of off-farm employment outweigh the possible liquidity effect of the conservation payments. The wealth effect discourages farmers from exerting more effort into their production activities than would be the case in the absence of subsidies [30] . In contrast, the competitive effect of off-farm employment on labor and capital outweighs its possible positive contribution to household income and efficiency as a result of labor market failures, for example, high transaction cost of off-farm job searching, or inability to find a well paid off-farm job [27, 29] .
OLS Regression Quantile Regression
Child-care consumes total family time at home. (in our study it is not possible to separate the time spent on farming with that on housework and child-care). Families with children are more likely to face off-farm employment constraints because of the high costs of urban living and schooling, and all these constraints affect their optimal time allocation [48, 63] . This might account for the negative relationship between Child and household technical efficiency.
Both the Tenancy and Credit variables are positively related to household technical efficiency. This result suggests that access to the market for rented farmland makes it possible to optimize farm area or to better allocate resources thus improving household technical efficiency. Improving access to credit may also help farm households to apply more efficient production equipment, adopt improved fertilizers or insecticides, facilitate off-farm participation, and better allocate resources thus improving productive efficiency at the household scale. This finding accords with farm level studies of small-holders in China [43, 64] .
The results from the quantile regression in the remaining columns of Table 3 reveal that the independent variables have different impacts on household efficiency across the whole distribution of the efficiency scores. For example, the negative impact of Conservation_payments on household technical efficiency is not significant at the 40th quantile but becomes significant at the right tail of the distribution at the 60th and 80th quantiles. One interpretation is that the conservation payments might have a larger liquidity effect on those households with poor performance or those in poverty. The quantile regression also points to a more nuanced effect of Extension_services for households in the lower part of the efficiency distribution than was revealed by the statistically insignificant OLS estimate. This suggests that providing extension services, including technical guidance and assistance is especially efficacious for lower-performing households. OLS suggests a negative relationship between Child and household technical efficiency. The quantile regression analysis shows that the impact is significant across the quantile distribution and gets stronger and stronger towards the right tail which suggests that greater attention should be directed to this issue.
Conclusions and Suggestions
The principal object of the GfG program is to induce land and labor reallocation towards a more sustainable livelihood with conservation payments from the government. Whether this works out, however, depends largely on the ability of the farmers to utilize the available resources (land, labor, and capital) and technologies to generate more household income, which can be measured as household technical efficiency. The aim of this study was to estimate household technical efficiency and examine the determinant factors for farm households participating in the GfG program on the Loess Plateau. We are especially interested in the impact of conservation payments on household efficiency, and we address the possible heterogeneous effect of the independent variables on households' technical efficiency with a quantile regression in addition to a traditional OLS analysis.
The results of the empirical study suggest that farm household technical efficiency and scale efficiency under variable returns to scale averages 0.669 and 0.555, respectively, which suggest ample room exists to make more efficient use of the resources and technologies and to achieve optimal scale. The majority of households show increasing returns to scale, which suggests that expanding their operating scales would improve their scale efficiency. Households participating in off-farm activities show significantly lower technical efficiency than non-participating households, which might suggest that off-farm employment has a negative impact on farm production, or that farmers lack the information, or skills required to work off-farm. Regression analysis shows a negative impact of conservation payments on household efficiency, which may also come as a result of the competitive effect of off-farm employment (as facilitated by the program) on labor and capital, and/or the wealth effect. While the negative impact of conservation payment is especially significant for higher performance households, it is insignificant for lower performance households. The presence of children in the household might also inhibit household members' efforts in farm and off-farm activities thus decreasing household efficiency, and the negative impact worsens for the higher quantiles. Household access to leased land and credit markets, however, seems to prompt farm households to allocate resources more efficiently, improve productivity-enhancing investments and technologies, thus improving household technical efficiency. Providing extension services also benefits those households with lower performance.
Certain limitations of this study should be kept in mind. First, as discussed in Section 3.2, we chose the OLS method, following the method used in several widely cited articles [51] [52] [53] , to simplify the estimation and focus on a comparison of the results from OLS and from QS. However, the two-stage, double bootstrap data envelopment analysis is getting greater recognition as a means to obtain a consistent result [50, 65] . The conditional efficiency approach developed by Daraio and Simar [66] , which accounted for environmental variables in the efficiency estimation and which is less vulnerable to outliers and measurement error than DEA, is also increasingly advocated [67] . Future possible extensions include utilizing the double bootstrapped method to account for sampling noise and analyze the robustness of the study's findings, or applying the conditional efficiency estimation method, especially using an order m estimator, to eliminate the possible influence of anomalous observations. Secondly, we must also acknowledge the possible limitations of our data. It was collected during the first stage of the GfG program. However, the overall design of the program has not systematically changed, and conservation payments to participating households still serve as its most important measure. While our study stresses the important role of government to remedy market failures by eliminating institutional barriers, the rural labor, land, and credit markets in China are still incomplete and imperfect. This is especially true in the underdeveloped and sluggish inland areas. Farmers' participation in off-farm employment and the corresponding income are still constrained and restrained by the lack of information, skills, and social security systems [22, 23] . As observed by several recent studies [68, 69] , the participation rate in the market for rented farmland in the less developed inland areas is still very low and the market is still at a rudimentary stage of development. We should also note that the observations and the conclusions are based entirely on samples from the Loess Plateau in the inland areas. As socio-economic environment in rural areas [70, 71] and the implementation of the program shows significant spatial variance [72] , especially between coastal and inland areas, we limit our policy recommendation to inland areas.
We suggest three changes to existing policies, to ensure that the program achieves its intended goals, notably to promote a sustainable livelihood for future farm households. First, better targeting of poor and low-performing households is required so that continued conservation payments and greater access to extension services may be provided. Second, instead of throwing huge amounts of money into subsidizing farm households for conserving the land, more emphasis should be placed on improving their access to land, labor and credit markets. Finally, improved access to childcare in rural areas or better social security systems for migrant-workers in the cities are also suggested. 
